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Abstract 
As several studies showed, mechanical performance of ballast depends greatly on its size, mineralogy 
and shape. Unlike the formers, particle shape remains a poorly specified property. The main objective 
of the study is then to first characterize the shape of ballast, then to understand its impact on the 
mechanical performance, by means of numerical simulations using the Discrete Elements Method 
(DEM), performed on LMGC90 software, with ballast grains represented as irregular polyhedrons. 
Starting from a description obtained experimentally by 3D digitization of the particle surfaces as point 
clouds, we will present a method to characterize and generate a set of virtual grains that are 
morphologically representative of real ballast grains. The model relies on a statistical modelling of the 
ballast grain morphology based on a dimensionality reduction approach leading to an optimal and 
nearly exhaustive shape characterization. 
In this paper, we will focus on the efficiency of both characterizing and generating methods and 
describe their advantages, as well as an outlook for numerical simulations. 
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1 Introduction 
Because of the huge costs of track maintenance, a big challenge for the French railway company 
SNCF is to improve track performance while reducing its maintenance costs and extending its asset 
life, especially with the growing demand for high speed trains and heavy freight movement. Railway 
ballast is an important component of the track whose functions are numerous: Damping the 
mechanical and acoustic vibrations, resisting the lateral loads and longitudinal loads of the track 
through shear strength, draining rainwater, etc. But according to Selig and Waters [1], it is one of the 
main sources of track deterioration. 
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All that being said, specifications about its mechanical performance and criteria to meet remain 
essentially empirical and most likely suboptimal. One of the motivations of this study is then to better 
understand the mechanical behaviour of this granular material.  
In other respects, it is recognized that particle size, shape and mineralogy have a significant impact 
on the mechanical behaviour of the granular media [2]. But shape remains a poor specified property. 
This paper provides a relevant and new method to better characterize particle shape in the case of 
railway ballast.  
An efficient method that is widely used to investigate the mechanical behaviour of granular 
materials is the Discrete Element Method (DEM) [3], but representing real grains remains a challenge 
for DEM simulations as simple geometries (discs, spheres) fail to reproduce realistic material 
behaviour for an individual grain, as well as a granular assembly[4]. To overcome that, we can 
imagine two possibilities to take into account the complexity of particle shape: 
 1) A parametric model based on given geometric construction rules (spherical harmonics, Fourier 
shape indicators…) [5, 6]). This approach imposes a basis of shape functions. 
 2) A fitted model based on real grain shapes. 
 Both approaches can be fulfilled with simple primitive (sphere, ellipsoid, plane, clumps...) or with 
more variable geometric shapes as polyhedrons [7].   
As far as SNCF is concerned, the second approach is chosen to simulate the behaviour of ballast 
with DEM using irregular polyhedrons as particle shapes. In this study, virtual grains used in 
simulations are a set of nearly 1000 sampled grains that have been 3D digitalized and meshed. 
In order to properly study the impact of ballast particle shape on the mechanical behaviour with 
DEM while overcoming the limitation of repeating a finite set of scanned grains, a generator of virtual 
grains is necessary, and should allow producing large sets of virtual grains that are representative of a 
limited set of real grain, as well as reaching an accurate characterization of the particle shape. In this 
paper, a presentation as well as an analysis of a new method of characterization of the ballast particle 
shape is provided in Section 2. The proposed approach of virtual grain generation and its validation, 
some illustrations, as well as a future outlook about numerical simulations are presented and discussed 
in Section 4. 
2 Real Ballast Grain Modelling 
2.1 Global View 
The proposed characterization approach is based on a model reduction method that allows reaching 
an optimal and nearly exhaustive shape characterization of real ballast grains. The method used for 
this purpose is Proper Orthogonal Decomposition (POD) [8], which finds applications in 
computationally processing large amounts of high-dimensional data with the aim of obtaining low-
dimensional descriptions that capture much of the phenomena of interest. Thanks to this method, we 
identify the optimal hierarchy of shape functions that describe the grain set. One of the main 
advantages of this approach is to reduce the number of the shape functions needed to represent the 
grain shape with a quantitative controlled approximation (error based), such that we reduce the 
parametric space to an optimal one. The following subsection gives more details about the method.   
2.2 Grain Shape Characterization 
Data acquisition 
In order to perform our study, we need a database of different real ballast grains. Point clouds 
representing 1000 ballast grains, obtained experimentally by 3D digitization (3D scan) of real ballast 
grain surfaces, are provided by SNCF. These grains have distinct shapes that can be qualified as 
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irregular polyhedrons composed of approximately 300000 vertices. The used set is a mix of worn and 
new grains. Fig.1 shows some of the used grains.   
 
 
 
 
 
 
 
 
 
Pre-processing 
Before applying the proposed method, it is necessary to maximize the resemblance between the 
grains. This operation is then based on the following steps: 
1. Volumes, surface areas, inertia tensors, and mean radii are computed for all grains. These 
properties will be used for the model validation. 
2. Grains are placed with their centre at the origin of coordinates and rotated so that their 
principal axes of inertia coincide with those of a fixed frame.  
3. The grains are then characterized by the values of their radii along 800 directions, 
homogenously distributed over the unit sphere (using a point repulsion algorithm).  
4.  Upon aggregating the information pertaining to all grains, a 1000x800 matrix is obtained, 
each of the 1000 lines containing all 800 radius values, along the chosen directions, for one 
grain (Fig.2).This matrix is the input data of the Proper Orthogonal Decomposition 
procedure. 
 
 
Proper Orthogonal Decomposition  
After the pre-processing step, a model reduction method, namely the Proper Orthogonal 
Decomposition (POD), is used. This method is recognized as a powerful and elegant method aiming at 
obtaining low-dimensional approximate descriptions of high-dimensional processes. The POD was 
developed by several people, and is also known as Principal Component Analysis (PCA) [9] in data 
analysis, the Karhunen-Loève Decomposition in (KLD) for continuous stochastic processes, and the 
Singular Value Decomposition (SVD) for non-square matrices and random vectors. The POD has 
proven successful to obtain optimal approximate descriptions of turbulent fluid flows, structural 
vibrations, and has been used for damage detection, to name a few applications in dynamic systems. It 
is also very popular in image processing, signal analysis and data compression. For references to the 
many sources and applications of POD, see [10]. 
Figure 1: Some scanned grains (provided by SNCF) 
Figure 2: Experimental grains after pre-processing 
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The main advantage of the method is that it allows not only reducing the working space, but also 
extracting features and hidden structure in data. Based on an error we define, we are able to quantify 
the approximation made on the grain shape, by controlling the dimension of the subspace of projected 
data. Each grains shape is then identified by the two POD obtained outputs, i.e. basis functions (Eq.1) 
(eigenvectors of covariance matrix) and coefficients (projected data coordinates into the reduced 
space) or principal components (Eq.2). Another key element of the method is eigenvalues of the 
covariance matrix that define the chosen error (Eq.3, 4).  
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Where A is the input matrix, r its rank, U ሺݎ݁ݏ݌Ǥܷሺ௞ሻሻ  the eigenvectors (resp. truncated to k 
modes) D= (di) the eigenvalues of covariance matrixܣܣ௧ , ߝ  the error corresponding to k modes, 
Cሺݎ݁ݏ݌Ǥܥሺ௞ሻሻthe matrix containing all the coefficients (resp. truncated to k modes), k the number of 
chosen modes, ܣ௞ the reconstructed data with k modes and ԡԡி  the Frobenius norm. 
We apply this method on the point clouds representing ballast grains. Starting from the previous 
data matrix, this multivariate statistical method aims at obtaining a compact representation of these 
point clouds. It identifies an optimal and useful set of basis functions that allows a satisfactory 
approximation of the system. The global error ε corresponding to a number of modes is defined as the 
deviation of the transformed data to the new space from the original data, normalized by the raw data 
and induced by the truncation of the POD basis. While POD error gives an indication of the magnitude 
of the “missing” information, the “energy or variance” of the system E(݇) =1−ߝ(݇) represents the 
quantity of information captured by the k first POD basis vectors. (Fig. 3) shows the quantities of 
error/energy as functions of the dimension of the reduced space. 
For zero error we have to keep all 800 modes. We see that with only 23 modes we represent 90% 
of the information and 99% of the information is represented with roughly 100 modes out of 800. 
With this precision, we reduce our data by approximately 88%. The reduction of data is even more 
efficiently performed as we have a larger set of data (See [11, 12]). 
 
 
 
 
 
 
 
 
 
 
 
 
As the accuracy of the grain approximation depends on the number of proper modes, it is 
important to check if some properties of grains (average radius, surface, volume) are sensitive to the 
change in the number of modes. In Fig.4, we compare those property distributions for different error 
thresholds. 
Kolmogorov-Smirnov (KS) [13] tests between original data surfaces/volumes/mean radii and 
reconstructed grain characteristics are performed in order to quantify more precisely the comparisons 
(Tab.1). 
Figure 3: Evolution of the error on shape with the number of proper modes 
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Figure 4: Surface areas (a), volumes (b) and mean radii (c) computed for different error values 
We see that even with a significant error (more than 10%) we have a very good shape 
approximation but with a much more reduced space.  
To sum up, the method presented above enables a significant reduction of the data, while keeping 
the most important information. It is also a way to characterize the shape by associating the proper 
modes to shape characteristics (roundness, sphericity, elongation…). 
The defined error on shape will be used in numerical simulations as a parameter to study the effect 
of geometry on the mechanical behaviour. 
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e  KS Surfaces KS Volumes KS average radii 
0.1% 0.999 0.997 0.947 
1% 0.999 0.997 0.879 
5% 0.999 0.997 0.785 
10% 0.997 0.984 0.673 
15% 0.984 0.879 0.655 
20% 0.982 0.874 0.542 
 
Tab.1. Values of Kolmogorov-Smirnov tests between original and reconstructed data S, V, Rm 
distributions 
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Simulation : 0.1% 
Simulation : 1% 
Simulation : 5% 
Simulation: 10% 
Simulation : 15% 
Simulation : 20% 
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3 Numerical Simulations 
Generating large sets of ballast grains 
As we would like to study the mechanical behaviour of ballast, we need a database of real grains. 
However, using only the experimental data would not be relevant enough for two reasons: First, the 
high cost of scanning real ballast grains, and second, the limitation of a finite set of scanned grains in 
terms of shape diversity. Hence, we need a method to generate large sets of distinct grains with 
realistic shapes and morphology parameters. The method must be powerful enough to take into 
account the complexity of ballast particle shape. 
Starting from the model we proposed above for each grain, based on its Proper Orthogonal 
Decomposition outputs, we can generate sets of statistically equivalent grains by following two steps: 
1- Identifying the coefficient statistical distributions and generating sets of equivalent 
coefficients using Gaussian Copulas. The main advantage of this method is to take into 
account the dependencies between coefficients. In fact, even though the coefficients are 
uncorrelated (not shown), they can be dependent in a more complex way. Since the 
coefficients are of different marginal distributions, one relevant way to take this into account 
is using Copula functions. The method allows modelling the dependency structure and the 
marginal distributions separately, which offers a good modelling flexibility. For our 
generation process, we use the Gaussian copula, since two parameters (mean, correlation 
matrix) are enough to describe it. 
2- Reconstructing sets of grains from the generated coefficients, using proper modes obtained 
by (POD). In this case, we use all the 800 modes, which means that 100% of the information 
is kept.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5: Surface areas (a), volumes (b) and mean radii (c) computed and compared between experimental and gene
sets of grains 
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We generate a set of 1000 statistically equivalent ballast grains. In order to validate our approach, 
surface areas, volumes, mean radii and sphericity distributions are computed and compared to those of 
the original data (Fig. 5). Other morphology parameters (not shown) like angularity, roundness and 
elongation were compared for a further validation and showed good results. 
Fig.5 and obtained Kolmogorov-Smirnov tests (not shown here) show that we get very satisfactory 
results (between 0.97 and 0.99). That confirms the accuracy of both the approaches (characterization 
and generation) and shows that we are able to obtain an exhaustive characterization of ballast shape, 
and offers then an interesting transition between real and virtual grains in order to incorporate them in 
DEM simulations. 
Grain meshing 
Another step before performing numerical simulations is grain meshing. This step is not less 
complicated and can have a great influence on the morphology, as well as the mechanical behaviour of 
ballast grains. In the literature, we can find many meshing methods. The one we use is based on the 
two following steps:  
1- Mesh surface reconstruction: we choose to build our meshing using α-shape method. Starting 
from a set of data points, this approach is based on an underlying Delaunay triangulation. The 
α-shape faces include all the triangles that have an empty circumscribing sphere with squared 
radius equal or smaller than a user-defined value α. 
2- Mesh surface simplification: This procedure aims at controlling the total number of 
faces/vertices by removing edges and joining vertices to keep only the number of wanted 
faces.  
We choose to perform our study with different numbers of faces in order to understand the effect 
of meshing on ballast behaviour in numerical simulations. Fig.6 shows 3 meshes with different 
numbers of faces. 
 
 
 
 
 
 
 
 
 
 
After all these operations are done, work is on progress in order to choose the best mechanical tests 
to perform by DEM on LMGC90 code that has proven to be relevant in modelling granulation 
processes and ballast maintenance operations (tamping), by representing grains with irregular 
polyhedrons. (Fig.7) 
 
 
 
 
 
 
 
Figure 6: Different meshing configurations (4000, 400 and 40 faces from left to right) for the same ballast grain 
(a) (b) 
Figure 7: Some numerical simulations with ballast grains 
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4 Conclusion 
A new approach based on model-reduction is presented in this paper. It proved to be relevant for 
providing an optimal and nearly exhaustive characterization of ballast grain shape and allows the 
control of geometry precision. Another method to generate large sets of grains with real shapes is also 
introduced, and model validation is performed by comparing some morphology properties of the 
grains (surface areas, volumes...). Both methods combined will allow studying the effect of shape on 
the mechanical behaviour by providing key elements as parameters to vary in our future numerical 
simulations. A brief presentation of meshing procedure is provided. As meshing modifies significantly 
the shape, its role is to be taken into account in future studies. By combining Proper Orthogonal 
Decomposition output analysis and numerical simulation results, an interesting possibility to study 
more the link between mechanical performance and shape features is offered. 
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